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Introducción

Temporal Difference (TD) es una combinación de MC y PD.

Como los métodos de Montecarlo usa simulaciones de
episodios pero tambien hace bootstrap: la actualización de la
función valor depende de valores estimados.

Comenzamos con el problema de predicción de la función
valor del estado (algoritmo TD(0)).

Después continuamos con el problema de control (algoritmo
SARSA).
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Bandido Multiarmado

Los métodos de Montecarlo se pueden implementar de forma
incremental.

En el caso del Bandido Multiarmado:

Qt+1(a) = Qt(a) +
I[At=a]∑t
i=1 I[Ai=a]

(Rt(a)− Qt(a)) (1)

En el caso con decaimiento exponencial se utiliza un
parámetro α ∈ (0, 1) y se utiliza la actualización:

Qt+1(a) = Qt(a) + α(Rt(a)− Qt(a)) (2)

La forma general de esta estrategia es:

Nueva estimación← Estimación anterior + Tamaño del salto×
(Recompensa− Estimación anterior)
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MDP

En el caso general de RL es fácil mostrar que:

V n+1(s) = V n(s) +
1

n + 1
(Gn+1 − V n(s)) (3)

Esto sugiere este tipo de actualización incremental en el
problema general de MDP.

V (st)← V (st) + α(Gt − V (st)) (4)

y para la función valor del estado y acción:

Q(st , at)← Q(st , at) + α(Gt − V (st , at)) (5)
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Predicción Poĺıtica usando Montecarlo: Implementación
Incremental)

Repasemos el algoritmo de primera visita para predecir la
función valor dada una poĺıtica usando Montecarlo.

Obsérvece que se simulan episodios completos y después se
actualiza la función valor.

Temporal Difference Uniandes y Quantil
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92 Chapter 5: Monte Carlo Methods

To handle the nonstationarity, we adapt the idea of general policy iteration (GPI)
developed in Chapter 4 for DP. Whereas there we computed value functions from knowledge
of the MDP, here we learn value functions from sample returns with the MDP. The value
functions and corresponding policies still interact to attain optimality in essentially the
same way (GPI). As in the DP chapter, first we consider the prediction problem (the
computation of v⇡ and q⇡ for a fixed arbitrary policy ⇡) then policy improvement, and,
finally, the control problem and its solution by GPI. Each of these ideas taken from DP
is extended to the Monte Carlo case in which only sample experience is available.

5.1 Monte Carlo Prediction

We begin by considering Monte Carlo methods for learning the state-value function for a
given policy. Recall that the value of a state is the expected return—expected cumulative
future discounted reward—starting from that state. An obvious way to estimate it from
experience, then, is simply to average the returns observed after visits to that state. As
more returns are observed, the average should converge to the expected value. This idea
underlies all Monte Carlo methods.

In particular, suppose we wish to estimate v⇡(s), the value of a state s under policy ⇡,
given a set of episodes obtained by following ⇡ and passing through s. Each occurrence
of state s in an episode is called a visit to s. Of course, s may be visited multiple times
in the same episode; let us call the first time it is visited in an episode the first visit
to s. The first-visit MC method estimates v⇡(s) as the average of the returns following
first visits to s, whereas the every-visit MC method averages the returns following all
visits to s. These two Monte Carlo (MC) methods are very similar but have slightly
di↵erent theoretical properties. First-visit MC has been most widely studied, dating back
to the 1940s, and is the one we focus on in this chapter. Every-visit MC extends more
naturally to function approximation and eligibility traces, as discussed in Chapters 9 and
12. First-visit MC is shown in procedural form in the box. Every-visit MC would be the
same except without the check for St having occurred earlier in the episode.

First-visit MC prediction, for estimating V ⇡ v⇡

Input: a policy ⇡ to be evaluated

Initialize:
V (s) 2 R, arbitrarily, for all s 2 S

Returns(s) an empty list, for all s 2 S

Loop forever (for each episode):
Generate an episode following ⇡: S0, A0, R1, S1, A1, R2, . . . , ST�1, AT�1, RT

G 0
Loop for each step of episode, t = T�1, T�2, . . . , 0:

G �G + Rt+1

Unless St appears in S0, S1, . . . , St�1:
Append G to Returns(St)
V (St) average(Returns(St))

La versión incremental es cambiar la última linea por:

V (st)← V (st) + α(Gt − V (st)) (6)
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Hasta este punto hemos reptido Montecarlo pero con la
actualización incremental.

TD(0) capitaliza en la idea de bootstrapping de programación
dinámica. La idea es, en la versión incremental, estimar Gt

con Rt+1 + γV (st+1).

La intución es la siguiente:

Vπ(st) = Eπ[Rt+1 + γRt+2 + γ2Rt+3... | st ] (7)

= Eπ[Rt+1 + γVπ(st+1) | st ] (8)
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Luego TD(0) es el mismo algoritmo anterior sin simular
episodios completos y en donde en la última ĺınea se actualiza
con:

V (st)← V (st) + α(Rt+1 + γV (st+1)− V (st)) (9)

Obsérvese que al hacer esta estimación ya no es necesario
simular episodios completos, solo un paso adelante.

Por eso se dice que Temporal Difference hace bootstrapping y
está inspirado en el método de Montecarlo.
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where Gt is the actual return following time t, and ↵ is a constant step-size parameter (c.f.,
Equation 2.4). Let us call this method constant-↵ MC. Whereas Monte Carlo methods
must wait until the end of the episode to determine the increment to V (St) (only then is
Gt known), TD methods need to wait only until the next time step. At time t + 1 they
immediately form a target and make a useful update using the observed reward Rt+1 and
the estimate V (St+1). The simplest TD method makes the update

V (St) V (St) + ↵
h
Rt+1 + �V (St+1)� V (St)

i
(6.2)

immediately on transition to St+1 and receiving Rt+1. In e↵ect, the target for the Monte
Carlo update is Gt, whereas the target for the TD update is Rt+1 + �V (St+1). This TD
method is called TD(0), or one-step TD, because it is a special case of the TD(�) and
n-step TD methods developed in Chapter 12 and Chapter 7. The box below specifies
TD(0) completely in procedural form.

Tabular TD(0) for estimating v⇡

Input: the policy ⇡ to be evaluated
Algorithm parameter: step size ↵ 2 (0, 1]
Initialize V (s), for all s 2 S+, arbitrarily except that V (terminal) = 0

Loop for each episode:
Initialize S
Loop for each step of episode:

A action given by ⇡ for S
Take action A, observe R, S0

V (S) V (S) + ↵
⇥
R + �V (S0)� V (S)

⇤

S  S0

until S is terminal

Because TD(0) bases its update in part on an existing estimate, we say that it is a
bootstrapping method, like DP. We know from Chapter 3 that

v⇡(s)
.
= E⇡[Gt | St =s] (6.3)

= E⇡[Rt+1 + �Gt+1 | St =s] (from (3.9))

= E⇡[Rt+1 + �v⇡(St+1) | St =s] . (6.4)

Roughly speaking, Monte Carlo methods use an estimate of (6.3) as a target, whereas
DP methods use an estimate of (6.4) as a target. The Monte Carlo target is an estimate
because the expected value in (6.3) is not known; a sample return is used in place of the
real expected return. The DP target is an estimate not because of the expected values,
which are assumed to be completely provided by a model of the environment, but because
v⇡(St+1) is not known and the current estimate, V (St+1), is used instead. The TD target
is an estimate for both reasons: it samples the expected values in (6.4) and it uses the
current estimate V instead of the true v⇡. Thus, TD methods combine the sampling of



Ejemplo TD(0)

Este es un proceso Markoviano de recompensas. Probabilidad
de moverse en cualquier direccion es 0,5. Las recompensas
como aparecen el grafo.



Ejemplo TD(0)

La evaluacion verdadera de la funcón valor es la ĺınea negra.

Las demas ĺıneas muestran la actualizacion de la función valor
despúes de varios episodios. Con 100 episodios prácticamente
descubre los verdaderos valores.
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Estimación Función Valor Óptima: SARSA
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SARSA

130 Chapter 6: Temporal-Di↵erence Learning

Sarsa (on-policy TD control) for estimating Q ⇡ q⇤

Algorithm parameters: step size ↵ 2 (0, 1], small " > 0
Initialize Q(s, a), for all s 2 S+, a 2 A(s), arbitrarily except that Q(terminal , ·) = 0

Loop for each episode:
Initialize S
Choose A from S using policy derived from Q (e.g., "-greedy)
Loop for each step of episode:

Take action A, observe R, S0

Choose A0 from S0 using policy derived from Q (e.g., "-greedy)
Q(S, A) Q(S, A) + ↵

⇥
R + �Q(S0, A0)�Q(S, A)

⇤

S  S0; A A0;
until S is terminal

Example 6.5: Windy Gridworld Shown inset below is a standard gridworld, with
start and goal states, but with one di↵erence: there is a crosswind running upward
through the middle of the grid. The actions are the standard four—up, down, right,
and left—but in the middle region the resultant next states are shifted upward by a
“wind,” the strength of which varies from column to column. The strength of the wind
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is given below each column, in num-
ber of cells shifted upward. For ex-
ample, if you are one cell to the
right of the goal, then the action
left takes you to the cell just above
the goal. This is an undiscounted
episodic task, with constant rewards
of �1 until the goal state is reached.

The graph to the right shows the
results of applying "-greedy Sarsa to
this task, with " = 0.1, ↵ = 0.5,
and the initial values Q(s, a) = 0
for all s, a. The increasing slope of
the graph shows that the goal was
reached more quickly over time. By
8000 time steps, the greedy policy was long since optimal (a trajectory from it is shown
inset); continued "-greedy exploration kept the average episode length at about 17 steps,
two more than the minimum of 15. Note that Monte Carlo methods cannot easily be used
here because termination is not guaranteed for all policies. If a policy was ever found
that caused the agent to stay in the same state, then the next episode would never end.
Online learning methods such as Sarsa do not have this problem because they quickly
learn during the episode that such policies are poor, and switch to something else.

Exercise 6.9: Windy Gridworld with King’s Moves (programming) Re-solve the windy
gridworld assuming eight possible actions, including the diagonal moves, rather than the



Ejemplo SARSA

El objetivo es llegar de S a G.

Existe un viento vertical que mueve el dron en cada columna
como se identifica en la parte de abajo de la grilla.

El eje Y muestra el número de pasos acumulados. Entre más
episodios menos pasos para llegar al objetivo.

Después de 8000 pasos se obtiene poĺıtica que tarda 17 pasos
en promedio para llegar. El óptimo en azul es 15.
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